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ABSTRACT
About 30% of producers use hormone protocols to 
synchronize ovulation and perform timed artificial in-
semination (AI) in Canada. Days from calving to first 
service (CTFS) and first service to conception (FSTC) 
become masked phenotypes leading to biased genetic 
evaluations of cows for these fertility traits. The objec-
tives of this study were to (1) demonstrate and quantify 
the potential amount of bias in genetic evaluations, 
and (2) find a procedure that could remove the bias. 
Simulation was used for both objectives. The proposed 
solution was to identify cows that have been treated 
by hormone protocols, make their CTFS and FSTC 
missing, and perform a multiple trait analysis including 
traits that have high genetic correlations with CTFS 
and FSTC, and which are not affected by the hormone 
protocols themselves. A total of 12 scenarios (S1–S12) 
were tested, changing the percentage of herds and cows 
that were randomly selected to be under timed AI. Cows 
that were given hormone protocols had CTFS of 86 d 
and FSTC of 0, which were used in genetic evaluation. 
Four criteria were used to indirectly measure the pres-
ence of bias: (1) the correlation between true (TBV) 
and estimated (EBV) breeding values (accuracy); (2) 
the differences in the mean EBV of top 25, 50, and 
75 sires; (3) changes in correlation between TBV and 
EBV rankings; and (4) the changes in mean EBV over 
the simulated generations. All criteria changed unfavor-
ably and proportionally to the increased use of timed 
AI. The accuracy within each class of animals (cows, 
dams, or sires) decreased proportionally with increased 
use of timed AI, varying from 0.32 (S12) to 0.52 (S1) 
for bull EBV for CTFS. The average EBV of the top 
sires (best 25, 50, 75, or 100 sires) approached popula-
tion average EBV values when increasing the number 
of treated animals. The sire rank correlation between 
EBV and TBV within simulated scenarios was smaller 
for scenarios with more synchronized animals, going 
from 0.38 (S12) to 0.67 (S1). The long-term use of hor-
monal synchronized cows clearly decreased the mean 
EBV over generations in the population for CTFS and 
FSTC. The inclusion of genetically correlated traits in a 
multiple trait model was effective in removing the bias 
due to the presence of hormonal synchronized cows. 
However, given the constraints within the simulation, 
it is important that further investigation with real data 
is conducted to determine the true effect of including 
timed AI records within genetic evaluations of fertility 
traits in dairy cattle.
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INTRODUCTION
Reproductive efficiency of dairy cows, which directly 
affects the profitability of the dairy industry, has been 
a common concern among producers. Reproductive effi-
ciency traits are generally reported to have low genetic 
heritability (less than 0.10) and negative genetic cor-
relations with production traits (VanRaden et al., 2004; 
Jamrozik et al., 2005). Part of the observed residual 
variation for these traits can be attributed to nonge-
netic factors, such as management and environmental 
variation, as well as low quality phenotypic information 
(Miglior et al., 2017).
The success of the fertility performance of dairy 
farms, especially for AI programs, starts with estrus 
detection (Silper et al., 2017; Reith and Hoy, 2018). 
This task can be labor intensive and time consuming, 
with a high probability of errors, especially on large 
farms (Diskin and Sreenan, 2000; Colazo and Maple-
toft, 2014). In addition, estrus expression has decreased 
on high-producing Holstein cows over the years, with 
up to 60% of ovulations accompanied by no standing 
mount (Butler, 2003; Kerbrat and Disenhaus, 2004; 
Roelofs et al., 2005). This dependency on estrus detec-
tion can be overcome by the use of hormonal protocols 
to synchronize follicle growth, corpus luteum regres-
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sion, and ovulation. This practice, termed timed AI, 
facilitates lactating cows to start a new estrous cycle, 
eliminating the need for detection of estrus (Roelofs et 
al., 2005; Dolecheck et al., 2016).
The use of timed AI varies among farms, where some 
producers might selectively synchronize cows with de-
layed or unobserved estrus, whereas others have a more 
intensive approach, synchronizing all cows (Goodling 
et al., 2005). As such, this practice can then be seen as 
a form of preferential treatment, where management 
practices benefit a group of animals or herds, creating 
masked phenotypes. Masked phenotypes could intro-
duce bias in genetic evaluation, not only for cows but 
also young sires, which can receive biased information 
from the dam’s side, or even for bulls that have daugh-
ters with masked records (Burnside and Meyer, 1988; 
Kuhn et al., 1994, 1999; Tsuruta et al., 2000).
Although the main method of estrus detection in 
Canada is still visual observation (Van Schyndel et 
al., 2019), the use of hormonal synchronization has in-
creased over the years (Van Doormaal, 2018). Around 
20% of cows were submitted to timed AI protocols in 
Canada in 2015 (Van Schyndel et al., 2019). The Ca-
nadian Dairy Network (CDN) reported that in 2017, 
around 30% of herds had more than 50% of their breed-
ing done on 1 or 2 d of the week, suggesting the use of 
timed AI (Van Doormaal, 2018). This number is sig-
nificantly higher in the US, where around 87% of herds 
make use of hormonal synchronization (Caraviello et 
al., 2010).
Hormonal synchronization used for timed AI sub-
stantially alters the reproductive physiology and endo-
crinology involved in estrous cycles. Treated animals 
are set to initiate a new follicle wave, followed by 
ovulation, giving a higher chance to conceive even for 
naturally low fertile cows. Therefore, genetically infe-
rior cows will have their performance changed by the 
hormone protocols and will be more alike cows that 
naturally show estrus. As genetic programs rely on the 
collection of accurate phenotypic data, these masked 
phenotypes could potentially add bias to genetic evalu-
ations (Tsuruta et al., 2000; Bouquet and Juga, 2013). 
This reproductive practice can also cause changes in 
the genetic and residual variation when compared with 
nonsynchronized herds (Goodling et al., 2005).
Information about which herds or cows are on timed 
AI is not currently available in most national recording 
programs. Although phenotypes of synchronized cows 
might be a source of bias for genetic evaluations, there 
is only a limited number of studies tackling this prob-
lem. Including genetic correlated traits that are not 
affected by hormonal synchronization in multiple trait 
models could mitigate the potential bias on the genetic 
evaluations. Therefore, using simplified simulated Hol-
stein populations, this study aimed to: (1) assess the 
potential effects of timed AI on the estimated genetic 
parameters of female fertility traits, and (2) propose 
the inclusion of genetically correlated traits in a mul-
tiple trait model as a way to mitigate the potential bias 
caused by the use of hormones.
MATERIALS AND METHODS
Ethics Statement
No animal care committee approval was necessary for 
the purposes of this study, as it was based entirely on 
simulated data.
Simulated Populations
Holstein populations were simulated using a custom-
ized Fortran 95 program written by Larry R. Schaeffer at 
University of Guelph. A starting population of 400 sires 
and 3,000 dams was established and randomly mated 
for 3 generations (base population). Subsequently, 17 
more generations were used to expand the starting pop-
ulation, resulting in 30,000 cows that were randomly 
distributed in 200 herds. Five traits were generated per 
cow, and only one record per cow. Fertility traits were 
the interval from calving to first service (CTFS) and 
the interval of first service to conception (FSTC), as 
these are the most affected traits by hormonal synchro-
nization among currently measured traits. The simu-
lation assumed that all hormonally treated cows get 
pregnant in the first service. Two conformation traits 
were also simulated, BCS and angularity score (ANG) 
both of which had genetic correlations with CTFS and 
FSTC of 0.40. Last, an uncorrelated trait represent-
ing a production index (PI) was included for making 
breeding decisions. The simulation model included year 
at calving, herd-year-seasons of birth of the cow, ani-
mal additive genetic and residual effects. The assumed 
parameters were obtained from CDN (Table 1). The 
results were based on 100 replicates.
Objective 1
In objective 1 (SIM1), it was assumed that the in-
formation about what cows were bred on timed AI was 
unknown and these cows were included in the data set 
along with nonsynchronized cows. This mimics what is 
currently happening in most of the genetic evaluation 
systems because the reproductive protocol information 
is mostly unavailable. Given the percentages of herds 
and cows within herd that were given the hormone 
protocol, their phenotypes of CTFS and FSTC were 
changed respectively to 86 (mean of CTFS) and 0 d, as 
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a result of the hormone treatment. When setting 0 to 
FSTC it was assumed that all treated cows get preg-
nant. The data then were analyzed in a multiple trait 
analysis including just CTFS, FSTC, and PI (BCS and 
ANG were ignored). Thirteen sets of percentages of 
herds and cows within herds given the hormone pro-
tocol are shown in Table 2. These scenarios were num-
bered and grouped as: (a) a control scenario where no 
hormonal synchronization was used, and breeding was 
based only on natural estrus (S1); (b) a combination of 
natural heat detection and timed AI (S2–S9); and (c) 
all cows within herds were synchronized (S10–S12). 
For scenarios in b, a different proportion of herds were 
assumed to be using timed AI, with 25, 50, 75, and 100% 
of herds randomly selected in the simulated population. 
In addition to the different proportion of herds, differ-
ent proportions of cows within each herd were assumed 
to be on timed AI, with 25 or 50% of cows randomly 
chosen within a given herd. For scenarios in c, all cows 
were considered to be under timed AI within herds, 
with 25, 50, and 75% of herds randomly selected to be 
using timed AI protocols.
According to CDN’s report (Van Doormaal, 2018), 
S6 (or even S10) would be close to what was expected 
in Canada in 2017, with around 30% of herds on timed 
AI.
Four criteria were used to measure the effect of timed 
AI on the predicted breeding values: (1) correlation be-
tween TBV and EBV (accuracy); (2) differences in the 
mean EBV of top 25, 50, 75, and 100 sires; (3) changes 
in correlation between TBV and EBV rankings; and (4) 
changes in the population mean EBV over 20 genera-
tions.
Objective 2
Animals were simulated as in SIM1 and with the 
same scenarios. However, in objective 2 (SIM2) infor-
mation on which cows get synchronized was assumed to 
be known by the genetic evaluation system. Given this, 
cows that were on timed AI had their CTFS and FSTC 
treated as missing. Consequently, there were fewer fer-
tility observations than in SIM1, because the masked 
phenotypes were not included in the analyses. A mul-
tiple trait analysis was performed for 5 traits, including 
BCS and ANG, which are genetically correlated with 
CTFS and FSTC. As in SIM1, PI was considered as an 
uncorrelated trait. The same criteria as in SIM1 were 
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Table 1. Covariance matrices for genetic (G), herd-year-season (H), and residual (R) components used in 
the simulation process1
Matrix  Trait CTFS FSTC BCS ANG PI
G  CTFS 43.72 30.66 −4.10 13.70 0
 FSTC 30.66 60.89 −2.80 16.50 0
 BCS −4.10 −2.80 2.00 −0.40 0
 ANG 13.70 16.50 −0.40 23.00 0
 PI 0 0 0 0 25
H  CTFS 258.00 −65.91 −3.80 −0.80 0
 FSTC −65.91 80.90 −2.00 3.00 0
 BCS −3.80 −2.00 9.56 −0.20 0
 ANG −0.80 3.00 −0.20 50.00 0
 PI 0 0 0 0 10
R  CTFS 648.33 −58.51 −3.10 −0.50 0
 FSTC −58.51 1,896.94 −1.80 3.80 0
 BCS −3.10 −1.80 8.00 −0.80 0
 ANG −0.50 3.80 −0.80 96.00 0
 PI 0 0 0 0 65
1CTFS = calving to first service in days; FSTC = first service to conception in days; BCS = body condition 
score in 1 to 9 scores; ANG = angularity in 1 to 9 scores; PI = production index.




S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12
Herds (%) 0 25 50 75 100 25 50 75 100 25 50 75
Cows (%) 0 25 25 25 25 50 50 50 50 100 100 100
Overall (%) 0 6.75 12.5 18.7 25 12.5 25 37.5 50 25 50 75
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used to quantify the effectiveness of the multiple trait 
analysis, including highly correlated traits.
Statistical Model
Breeding values were estimated for all animals (sires, 
dams, and cows) using the following multitrait animal 
model:
 y = Xb + Za + Wh + e, 
where y is the vector of observations (SIM1 = CTFS, 
FSTC, and PI; SIM2 = CTFS, FSTC, BCS, ANG, and 
PI); b is the vector of fixed effects of cow’s birth year; a 
is the vector of random additive genetic effects; h is the 
vector of random herd-year-season of calving effects; 
e is the vector of random residuals; X, Z, and W are 
design matrices relating observations in y to factors in 
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For the SIM1, the accuracy (correlation between TBV 
and EBV) within each class of animals (cow, dam, and 
sire) decreased proportionally with the increased use 
of timed AI. Scenarios in which all cows within herds 
were on timed AI (S10–S12) had a sharper decrease in 
accuracy compared with other scenarios. On average 
(± SD), EBV of sires were less affected than those of 
cows and dams, with accuracy (CTFS) averages of 0.46 
± 0.06, 0.39 ± 0.06, and 0.37 ± 0.05, respectively (Fig-
ure 1A). This was expected because sires have multiple 
daughters (some masked and some not) contributing 
to their predicted breeding values, whereas cows were 
either on or off treatment (Dassonneville et al., 2012). 
The dot outside of the interquartile range represents 
scenario S12, being the most affected (low accuracy) 
regardless of animal categories. When analyzing accu-
racy by scenarios, it clearly decreased with the increase 
of synchronized animals (Figure 2A).
The mean EBV of the top (best 25, 50, 75, or 100 
sires) approached zero when the number of treated ani-
mals increased (Figure 3A). This is likely an effect of 
the reduction of variance observed by synchronization. 
When considering the top 25 ranked animals, the mean 
EBV difference from S1 and S6 was −0.09, and −0.04 
standard deviation (SD) for CTFS, and FSTC, respec-
tively. This difference (S6–S1) slightly decreased when 
the number of top animals increased, being −0.06, 
and −0.02 SD for CTFS and FSTC when considering 
the top 100 sires. When increasing the proportion of 
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Figure 1. Boxplot of the correlation between true and estimated breeding values (accuracy) of all simulated scenarios per animal category 
for calving to first service. The gray box represents the interquartile range (IQR), harboring first (Q1) and third (Q3) quartiles, with the median 
represented by the dark line; the whiskers indicate the variability outside the upper (Q3 + 1.5 × IQR) and lower (Q1 – 1.5 × IQR) quartiles; 
and the dots represent outlier observations. A = simulated population for objective 1; B = simulated population for objective 2.
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treated cow within herds (S10), the difference from the 
control scenario was −0.23 and −0.14 SD for CTFS 
when considering top 25 and top 10, respectively.
The sire rank correlation between EBV of simulated 
scenarios and TBV showed lower correlations in sce-
narios with more synchronized animals (Figure 4A), 
varying between 0.67 (S1) to 0.38 (S12) for CTFS and 
from 0.56 (S1) to 0.21 (S12) for FSTC. In summary, 
strong sire re-ranking was observed, especially when 
timed AI was used more intensively. Bias could also ex-
ist due to the violation of the assumption that residual 
variance was not influenced by genetic values, if a pre-
ferred group of sires is used for timed AI. These sires 
would have daughters with more uniform phenotypes 
than other sires, biasing their comparison.
Because reproductive traits were not considered for 
selection purposes, and there was no genetic correla-
tion between PI and these traits, it was expected a 
stable trend of mean EBV over generations for both 
CTFS and FSTC. However, the mean EBV trend of 
these traits was not linear, being most affected in sce-
narios that considered more intense use of hormonal 
synchronization as illustrated in Figure 5A for CTFS. 
The overall mean CTFS EBV over the last 5 simulated 
generations ranged from −0.29 (S5) to −1.15 (S10) d. 
Similar behavior was observed in FSTC. Long-term use 
of synchronization clearly affected the mean EBV trend 
of the population for CTFS and FSTC, showing that 
evaluation for these traits were biased and the bias in-
creased over generations. As already mentioned, CDN 
estimated that around 30% of herds were using timed 
AI in 2017. Based on this estimation, S6 and S10 would 
be the most realistic scenarios. However, the CDN re-
port (Van Doormaal, 2018) showed an increasing trend 
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Figure 2. Sires’ average accuracy among scenarios (S2–S12) for calving to first service. A = simulated population for objective 1; B = simu-
lated population for objective 2. Figure colors: red = control scenario (no timed AI); dark blue = 25% of cows on timed AI; light blue = 50% 
of cows on timed AI; orange = all cows were under timed AI. The error bars represent mean ± SD.
Figure 3. Mean EBV of top 25 sires among scenarios (S2–S12) for calving to first service. A = simulated population for objective 1; B = 
simulated population for objective 2. Figure colors: red = control scenario (no timed AI); dark blue = 25% of cows on timed AI; light blue = 
50% of cows on timed AI; orange = all cows were under timed AI. The error bars represent mean ± SD.
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of the use of timed AI in Canada. Also, the information 
on what herds and cows are using hormonal synchro-
nization is still not available for breeding programs. 
So, the range of scenarios in this simulation can help 
understand the effect of time AI on genetic evaluations 
in different potential settings.
Issues of bias due to masked phenotypes is also rel-
evant to genomic selection (Dassonneville et al., 2012). 
The training population used for genomic evaluation 
relies on animals with both genotype and phenotype 
information. The inclusion of females in this training 
population has been proposed in several studies to 
increase the size of the reference population, and conse-
quently, to improve the accuracy of genomic predictions 
(Plieschke et al., 2016; Uemoto et al., 2017). However, 
the inclusion of females’ records that were masked by 
hormonal synchronization might introduce bias in the 
estimation of marker effects, potentially decreasing the 
accuracy of genomic predictions (Wiggans et al., 2011; 
Dassonneville et al., 2012; Bouquet and Juga, 2013). 
This bias would especially affect young animals, whose 
predictions were based on parent average and SNP ef-
fects. Moreover, bulls that had their proofs biased by 
any preferential treatment could be wrongly ranked, 
leading to selection mistakes (Gengler et al., 2000; Du-
crocq et al., 2003).
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Figure 4. Rank correlation of sires among scenarios (S2–S12) for calving to first service. A = simulated population for objective 1; B = 
simulated population for objective 2. Figure colors: red = control scenario (no timed AI); dark blue = 25% of cows on timed AI; light blue = 
50% of cows on timed AI; orange = all cows were under timed AI. The error bars represent mean ± SD.
Figure 5. Population mean EBV trend over generations among scenarios (S2–S12) for calving to first service. A = simulated population for 
objective 1; B = simulated population for objective 2. Figure colors: red = control scenario (no timed AI); dark blue = 25% of cows on timed 
AI; light blue = 50% of cows on timed AI; orange = all cows were under timed AI.
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Wiggans et al. (2011) proposed a method to adjust 
genotyped cow traditional evaluations (de-regressed 
EBV) before their inclusion in genomic evaluations. 
The method relies on the adjustment of the mean and 
variances of the estimated Mendelian sampling term 
of genotyped cows and was implemented in the United 
States in 2010 for Holstein and Jersey breeds. Although 
the prior adjustment of cow records may provide more 
accurate genomic predictions, it is still necessary to 
know which animals were preferentially treated. Even 
when the proper information is available, another draw-
back is distinguishing positive Mendelian sampling from 
bias due to preferential treatment. In 2014, the CDN 
(now Lactanet) applied a similar method to account 
for bias of nonrandom usage of highly ranked genomic 
young bulls, and also for preferential treatment of cows. 
This adjustment was based on the distribution of the 
difference between cow evaluations and their pedigree 
index, which is assumed to follow a normal distribu-
tion (Beavers and Van Doormaal, 2014). However, this 
methodology is currently applied just for somatic cell 
score, production and type traits, and does not include 
fertility traits.
The effect of having biased EBV not only affects do-
mestic breeding rograms but also might affect interna-
tional proofs such as the multiple trait across country 
evaluations from Interbull. Ducrocq et al. (2003) have 
argued that the international comparison of dairy bulls 
can be sensitive to the accuracy and unbiasedness of 
national evaluations.
Timed AI is a well-established management tool act-
ing on synchronization of follicle growth, regression of 
the corpus luteum, and ovulation, allowing animals to 
be inseminated regardless of estrus detection (Colazo 
and Mapletoft, 2014). Herds with poor estrus detection 
efficiency are the ones that most benefit from timed 
AI, which consequently increases the conception rate 
of these herds. Aside from its management importance, 
the current investigation has shown that the informa-
tion on what animals were hormonally treated is crucial 
for breeding programs.
Apart from the effect on genetic evaluations, public 
opinion has an increasing role in the dairy industry, 
being considered the most critical issue in the produc-
tion system in a Canadian survey in 2016 (Bauman 
et al., 2016). There is concern about the extensive 
use of hormone therapies in animal production, which 
could limit their use in the future (Saint-Dizier and 
Chastant-Maillard, 2012). Other management tools, 
such as automated activity monitoring (Løvendahl 
and Chagunda, 2010), milk progesterone measurement 
(Saint-Dizier and Chastant-Maillard, 2012), vocaliza-
tion behavior (Schön et al., 2007), and video inspection 
systems (Bruyère et al., 2012) have become more reli-
able, with potential to further minimize the use of hor-
monal synchronization for efficient breeding programs. 
Automated activity monitoring is becoming more 
popular in Canada, being the most used management 
technologies on large dairy farms (>86 cows) according 
to Van Schyndel et al. (2019). Some authors (Neves 
et al., 2012; Dolecheck et al., 2016) have mentioned 
that it is possible to maintain comparable reproductive 
efficiency between estrus-detection-based reproductive 
protocols and those that heavily rely on timed AI.
Furthermore, the use of hormonal synchronization 
modifies the interpretation of currently measured traits, 
and consequently complicates the interpretation of re-
sults of genetic analysis. For instance, CTFS aims to 
measure the time that a cow under natural conditions 
takes to start a new estrous cycle and show heat. As 
the use of hormonal synchronization artificially changes 
the physiology of these cows, the trait no longer should 
have the same interpretation. Therefore, the continuous 
use of timed AI could bring light to new traits, such 
as the conception rate of timed AI cows, which could 
be used by breeding programs to select animals with 
better response to the hormonal protocols. But still, 
it is crucial to emphasize the importance of recording 
treated cows.
Objective 2
To overcome bias due to masked phenotypes, a mul-
tiple trait analysis was proposed in which the masked 
phenotypes (for CTFS and FSTC) were treated as 
missing rather than included in the analysis. In addi-
tion, 2 traits (BCS and ANG) not affected by hormonal 
synchronization and genetically correlated with CTFS 
and FSTC, were included (SIM2). The concept is simi-
lar to including weaning weights of beef calves to evalu-
ate yearling weights where only a fraction of animals is 
allowed to actually have a yearling weight (Pollak and 
Quaas, 1981).
As in SIM1, the EBV accuracy of sires were on aver-
age less affected than in cows and dams, with mean 
(± SD) values of 0.54 ± 0.02, 0.48 ± 0.02, and 0.47 ± 
0.02, respectively, for CTFS (Figure 1B). Also following 
the same pattern as in SIM1, the boxplots in Figure 
1B showed S12 as an outlier, with lower accuracy than 
the other scenarios. Accuracy of sire EBV per scenario 
is given in Figure 2B. Accuracies were greater than in 
Figure 2A but did decrease as percentage of cows with 
missing CTFS and FSTC increased, because there was 
a lower amount of phenotypic information contributing 
to the calculation of the EBV. Average EBV of the top 
25 sires did not differ greatly except when more cows’ 
phenotypes were missing (Figure 3B). Animals were 
better ranked (closer to TBV ranking) than in the first 
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simulation (SIM1; Figure 4B). Finally, the mean EBV 
trends for CTFS were not affected over time, which 
should be the case if fertility was not in the PI used to 
make mating decisions (Figure 5B).
Multiple trait models including genetically corre-
lated traits and treating masked phenotypes as missing 
worked well in removing bias from EBV for fertility. 
This approach would not work as well in situations 
where large percentages of herds and or cows had miss-
ing phenotypes due to the hormone protocols. Also, 
there needs to be a reliable way to identify masked 
phenotypes. Other, more precise fertility measures need 
to be adopted, such as automated activity monitors 
and milk progesterone levels as previously discussed. 
Only 2 additional traits were included here, but there 
could be several traits.
This study did not examine repeated records on cows 
as the cows age. Each cow had only a single record. 
In reality, cows would have one record for each calv-
ing, and a cumulative environmental model would 
need to be used. For simplicity of demonstration, only 
single records were needed. No correlation was assumed 
between the PI and the reproductive traits, allowing 
for the effect of timed AI to be assessed without the 
confounding with a negative correlated response on 
reproductive traits due to selection for production. In 
addition, for straightforwardness, it was assumed that 
all hormonally treated cows get pregnant in the first 
service, making the trait FSTC to be 0 for all timed 
AI cows.
CONCLUSIONS
This simulation study showed that genetic evalua-
tions including cow records from the use of timed AI 
are likely biased, and the amount of bias is proportional 
to the number of animals on timed AI. Although several 
strong assumptions were made to illustrate this effect, 
we conclude that genetic evaluation for reproductive 
traits could benefit from taking into consideration the 
presence of masked phenotypic records by hormonal 
treatment, in terms of accuracy and bias of EBV, and 
the ultimate ranking of the sires. The inclusion of ge-
netically correlated traits in a multiple trait model was 
effective in mitigating the bias due to the presence of 
hormonal synchronized cows, as long as synchronized 
cows are identified and recorded. However, this is a first 
study on this topic and further analysis, especially with 
real data, should be done to validate our findings.
Findings in this study corroborate with the need for 
reliable phenotypic information in conducting genetic 
evaluations for selective breeding. The collection of 
good quality phenotypes (e.g., not masked by hormonal 
treatment) and recording of the individuals that were 
hormonally treated appear to be pivotal. The inclu-
sion of correlated indicator traits is a viable modeling 
strategy. With the increasing use of precision farming 
technologies that allow to collect a multitude of differ-
ent phenotypes, more emphasis will have to be placed 
on the validation of such phenotypes with special focus 
on bias introduced by hormonal treatment.
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